This paper uses quantile regression to investigate the asymmetric return-volatility phenomenon with the newly adapted and robust implied volatility indices VIX, VXN, VDAX and VSTOXX. A particular goal is to quantify the effects of positive and negative stock index returns at various quantiles of the implied volatility distribution. As the level of the new volatility index increases during market declines, we believe that the negative asymmetric return-volatility relationship should be significantly more pronounced at upper quantiles of the IV distribution than is indicated by ordinary least squares (OLS) regression. We find pronounced negative and asymmetric return-volatility relationships between each volatility index and its corresponding stock market index. The asymmetry increases monotonically when moving from the median quantile to the uppermost quantile (i.e., 95%); OLS thereby underestimates this relation at upper quantiles. Additionally, the asymmetry is pronounced with a volatility skew-adjusted new volatility index measure in comparison to the old at-themoney volatility index measure. The VIX volatility index presents the highest asymmetric return-volatility relationship, followed by the VSTOXX, VDAX and VXN volatility indices. Our findings have implications for trading strategies, hedging portfolios, pricing and hedging volatility derivatives, and risk management.
Introduction
It is widely documented that implied volatility (IV) is superior to historical volatility (HV) when forecasting the future realized volatility (RV) of the underlying asset (e.g., Day and Lewis, 1992; Christensen and Prabhala, 1998; Fleming, 1998; Dumas et al., 1998; Blair et al., 2001; Ederington and Guan, 2002; Poon and Granger, 2003; Mayhew and Stivers, 2003; and Martens and Zein, 2004) . IV can be recovered by inverting the Black-Scholes (1973) formula. However, Britten-Jones and Neuberger (2000) and Jiang and Tian (2005) have derived a model-free implied volatility (MFIV) under the pure diffusion assumption and asset price processes with jumps. They show that the information content of MFIV is superior to that of the Black-Scholes implied volatility (BSIV) because the MFIV measure accounts for all strikes when computing IV at a particular point in time, whereas the BSIV measure is a point-based IV and does not account for all strikes in computation; that is, each strike has a separate IV. Moreover, BSIV is subject to both model and market efficiency, while MFIV is only subject to market efficiency (see Poon and Granger, 2003) . The major IV indices that used to employ at-the-money (ATM) BSIV measures in their methodologies have thus now adopted MFIV measures. 1 As IV is forward looking, that is, it is implied by the market prices of options, and as options represent the consensus of market participants regarding expected future volatility, IV is the market expectation about the future RV of the underlying asset over the remaining life of an option. Similarly, the IV index captures market expectations.
2 Thus, IV indices are 1 The motives for adopting MFIV measures are the following. First, the MFIV index measure is economically appealing and robust, as it accounts for out-of-the-money (OTM) options (i.e., volatility skew). Second, the previous IV index measure (now called VXO) was upward biased, the bias being induced by trading-day conversion, which is now omitted from the new VIX measure. Finally, with the new robust MFIV index measure, it is possible to replicate volatility derivatives (e.g., variance swaps), which was not possible with the previous measure. 2 Major option exchanges, including the Chicago Board of Exchange (CBOE) and the Deutsche Börse, have launched IV indices, robustly providing information on options using MFIV measures; examples of this are the VIX index for the S&P 500 index, VXN for the NASDAQ 100 index, VDAX for the DAX 30 index and VSTOXX for the Dow Jones (DJ) EURO STOXX 50 index.
often referred to as the "investors' fear gauge" (e.g., Whaley, 2000) , as the level of the IV index indicates the consensus view about the expected future realized stock index volatility.
When the level of the IV index increases, fear increases in the market as a result;
alternatively, when the level of the IV index decreases, run-ups are triggered in the daily stock index prices. 3 Likewise, the MFIV index measure incorporates both put and call options and therefore moves with changes in options prices; for example, a negative or positive shock to the market induces adjustments in hedging and trading strategies, consequently triggering changes in the prices of one type (i.e., put or call) of option. The MFIV index measure then moves in the direction of the market demand of a particular type of option and the underlying asset (see Bollen and Whaley, 2004) . 4 Also, Liu et al. (2005) argue that the rare-event premia play an important role in generating the volatility skew pattern observed for options across moneyness and that these rare events are embedded in the OTM options. 5 Camara and Heston (2008) derive an option model that accounts for both OTM put and call options. They derive the extreme negative events from OTM puts and extreme positive events from OTM calls.
The MFIV index that accounts for OTM options thus contains a broader set of information and is thereby robust; the MFIV index is, as a result, an excellent tool for examining the relationship between the market perception of volatility and returns. Furthermore, this relation is asymmetric, implying that the MFIV index reacts differently to negative and positive returns. Two main hypotheses exist in the literature regarding the characterization of this asymmetric return-volatility relationship: the leverage effect and feedback effect hypotheses. However, both the leverage and feedback hypotheses have been unable to 3 Additionally, the IV index level indicates the degree of willingness of market participants to pay in terms of volatility in order to hedge the downside risk of their portfolios with put options or long positions in call options with limited downside risks instead of positions in the underlying asset (see Simon, 2003 , for a detail on trading strategies). 4 MFIV index measure corresponds to the option traders' consensus opinions-options traders are assumed to possess professional judgment-on the future direction of the volatility of the stock index for 30 calendar days. 5 Similarly, Pan (2002) showed that volatility skew is primarily due to investors' fear of large adverse jumps.
explain the observed strong negative asymmetric return-volatility relation at daily frequencies (see, e.g., French et al., 1987; Breen et al., 1989; Schwert, 1989 Schwert, , 1990 . Similarly, a recent study by Hibbert et al. (2008) has found a very strong contemporaneous negative asymmetric return-volatility relationship using data of daily frequency, thereby empirically rejecting both the leverage and volatility feedback hypotheses. 6 Further empirical investigations are important to characterize asymmetric volatility using a volatility skew-adjusted robust MFIV index measure with daily frequency. 7 Additionally, the conditional quantile regression techniques should be preferred over OLS regression, i.e., to investigate the asymmetric responses of volatility at the uppermost quantiles. Few well-known studies exist showing a significant negative and asymmetric relationship between stock index returns and BSIV index returns using OLS (or mean) regressions (e.g., Fleming et al., 1995; Whaley, 2000; Giot, 2005; Simon, 2003; Skiadopoulos, 2004; Low, 2004; Dennis et al, 2006) ; as OLS ignores the responses at the tails of the IV distribution, accounting for this is of paramount importance in this kind of investigation.
Nonetheless, the first study on the relation between the old VIX (now VXO) returns and S&P 100 index returns was conducted by Fleming et al. (1995) . They investigated the timeseries properties of the VXO, finding a significant negative contemporaneous asymmetric relationship between VXO returns and stock index returns. Another well-known study is that conducted by Whaley (2000) , who examined the relationship between the weekly VXO returns and S&P 100 returns. He documented that when the VXO falls by 100 basis points, the S&P 100 index increases by 0.469%, whereas when the VXO increases by 100 basis 6 Other studies by Simon (2003) and Giot (2005) have also found a very strong negative asymmetric returnvolatility relationship using data of daily frequency. Nevertheless, the negative asymmetric return-volatility relationship is too strong at the daily level; these hypotheses might be interesting to characterize an asymmetric relation at lower frequencies, for instance, monthly or quarterly frequencies, but not at high frequencies. 7 We also believe that the asymmetric volatility-return relationship should be more pronounced with the new robust MFIV index in contrast to the old BSIV index measure. A possible explanation for pronounced asymmetric volatility is that a put option is a downside-hedging instrument and traders are always concerned about the downward moments in the market, so traders are always hedging their positions with OTM puts. Consequently, we find a higher volatility for OTM puts than for calls (see, e.g., Bollen and Whaley, 2004 Hibbert et al. (2008) used a different approach to investigate the negative asymmetric return-volatility relationship using the newly developed VIX index.
They found a significant negative and asymmetric association between VIX and stock index returns when incorporating both daily and intraday data, thereby confirming that the MFIV VIX measure can better explain the asymmetric relationship than the BSIV VIX or the RV measures.
The purpose of this paper is to investigate the negative asymmetric return-volatility relationship between the stock market returns and the volatility index returns: (1) to quantify the degree to which a volatility index is responding to the negative and positive returns at different quantiles of an IV distribution; (2) to compare the asymmetric responses of the two volatility index measures, i.e., the MFIV and BSIV index measures; and (3) to rank volatility indices according to their asymmetries. Related studies in terms of the volatility-return relationship include Simon (2003) , Giot (2005) and Hibbert et al. (2008) . Simon (2003) studied the relationship between the NASDAQ 100 index returns and the VXN index returns using the BSIV index measure, while Giot (2005) and Hibbert et al. (2008) studied the relationship between the S&P 100 and the VIX and between the NASDAQ 100 and the VXN. Giot (2005) used the BSIV index measure, whereas Hibbert et al. (2008) used the new MFIV index measure. Our study differs from these three previous studies and therefore contributes to the literature in a number of ways: first, this study extends their methodologies; for instance, they used mean-regression models, whereas we use a robust conditional quantile regression model to investigate the uppermost IV quantiles' responses to the negative and positive returns. Second, this study uses a broader set of data drawn from across the Atlantic, for example, the VIX, VXN, VDAX and VSTOXX volatility indices (using new robust MFIV measures, thereby incorporating a broader range of information) and their corresponding stock indices. 8 Finally, this study compares the asymmetries of the MFIV and BSIV volatility index measures. we find that the MFIV index responds in a pronounced fashion, in contrast to the BSIV index.
Third, there is a strong contemporaneous asymmetry in comparison to the lags, thus rejecting the leverage hypothesis, and similar conclusions can be drawn for the feedback hypothesis.
This paper is organized as follows. Section 2 discusses the asymmetric return-volatility relation. Section 3 discusses the data set, the volatility indices and their construction. Section 4 presents the conditional quantile regression model for the asymmetric return-volatility relation. Section 5 presents the empirical results. Section 6 summarizes and concludes. 8 Previously it was found that each equity option market presented somewhat different IV dynamics; therefore, this study is the first to investigate and compare the volatility asymmetries across the Atlantic. 9 We compare the new VDAX and old VDAX (denoted here VDAXO) volatility index measures; the former is based on the MFIV measure and the latter on the BSIV measure.
Asymmetric Return-Volatility Relation
There are two existing hypotheses that characterize asymmetric volatility: the leverage and the volatility feedback hypotheses. The leverage hypothesis proposed by Black (1976) and Christie (1982) attributes asymmetric volatility to the leverage of the firm; when the financial leverage of a firm increases, the value of the firm declines, and the value of its equity declines further. Because the equity of a firm has the maximum exposure to the firm's entire risk, the volatility of the equity should increase as a result. On the other hand, the volatility feedback hypothesis proposed by French et al. (1987), Campbell and Hentschel (1992) and Bakaert and Wu (2000) attributes asymmetric volatility to the volatility feedback effect.
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Contrary to the leverage-based justification, the volatility feedback hypothesis states that increases in volatility trigger negative stock returns. For instance, an increase in volatility implies that the required expected future returns will also increase, thereby triggering declines in current stock prices. However, both hypotheses empirically fail under the daily frequency data, being unable to fully characterize the asymmetric return-volatility relationship; in that respect, Schwert (1990) argued that it is too strong for the leverage hypothesis to fully characterize asymmetric volatility. Furthermore, it is also empirically found that the feedback hypothesis is not always consistent, and this has become a controversial subject; some studies have found that there are not always positive correlations between current volatility and expected future returns (e.g., Breen et al., 1989) , but others support the hypothesis (e.g., French et al., 1987; Campbell and Hentschel, 1992; Ghysels et al., 2005) . Nonetheless, the economic and accounting explanations might be important for characterizing the asymmetric return-volatility relationship at lower frequencies, for instance, monthly or quarterly data, but not for daily or higher frequencies. Many prior studies have documented very strong negative asymmetric return-volatility relationships at higher frequencies, contrary to the explanations of the two hypotheses (see, e.g., Fleming et al., 1995; Whaley, 2000; Giot, 2005; Simon, 2003; Skiadopoulos, 2004; Low, 2004; Dennis et al., 2006; Hibbert et al., 2008) .
However, this study considers new MFIV indices because we believe that the asymmetric return-volatility relation should be more pronounced using the MFIV indices. Likewise, the importance of the MFIV index measure increases because it accounts for volatility skew, which may be induced by the net buying pressure of the OTM put options (see Bollen and Whaley, 2004) . Volatility skew is an obvious phenomenon, previously documented by many other researchers and important to capture in any volatility measure (e.g., Alexander, 2001; Low, 2004; Goncalves and Guidolin, 2006; Badshah, 2008) . Bollen and Whaley (2004) investigated the relationship between net buying pressure and the shape of the IV function (IVF) for index options. They showed that the buying pressure of put options considerably affects the changes in the IV. They asserted that when the buying pressure of index put options (particularly from institutional investors who seek to hedge their portfolios) increases and thus limits the ability of arbitrageurs to bring the price back into alignment, this pressure permanently drives the sloping shape of the IVF downward. Also, information from trading strategies and other shocks are well absorbed into the MFIV index, as it accounts for both OTM put and call types of options; therefore, when there is a shock to the market that leads to a change in the price of one type of option relative to the other type, the new MFIV index adjusts and follows a similar direction as the net change. The MFIV index is informed by both fear and exuberance embedded in option prices, and the majority of option markets' traders are very informed and possess high skill levels (see Low, 2004; Chakravarty et al., 2004) . The MFIV index is a very informed measure of stock index volatility and is therefore a good candidate for examining the asymmetric volatility-return relationship.
Data
First, the VIX, VXN, VDAX, and VSTOXX volatility indices are introduced, and their construction is discussed. Second, the complete data set is presented, and the descriptive statistics are thoroughly discussed.
VIX and VXN
The CBOE 
VDAX and VSTOXX
The 
Data Set
This study employs data from four sources. We obtained the daily time-series price data for the S&P 500 stock index, the NASDAQ 100 index, the DAX 30 index, and the DJ Euro except for the S&P 500 returns, whereas all five volatility indices' returns are positively skewed, as they should be. Furthermore, all nine series are highly leptokurtic with respect to the normal distribution. Likewise, the Jarque-Bera statistics reject normality for each of the stock index and volatility index returns series. The autocorrelation coefficients for the three lags show that the VIX, VDAX and VXN returns series present strong autocorrelations, whereas the returns on the rest of the volatility indices present significant autocorrelation coefficients at lags 2 and 3. Autocorrelations in the S&P 500, NASDAQ 100, and DJ Euro STOXX 50 returns series are also evident at all three lags, consequently confirming the property of mean reversion. We also investigated stationarity in all nine returns series (i.e., stock and volatility indices) by applying the augmented Dickey-Fuller (ADF) unit-root test.
The results in Table 1 show the rejection of unit roots in each series at the 1% significance level. Therefore, all nine series are stationary. 2172  2172  2172  2172  2172  2172  2172  2172  2172  This table reports the descriptive statistics of the stock market indices' and volatility indices' returns. The autocorrelation coefficients ρ, the Jarque-Bera and the Augmented Dickey-Fuller(ADF) (an intercept is included in the test equation) test values are reported. ***, ** and * denote rejection of the null hypothesis at the 1% , 5% and 10% significance levels, respectively.
Quantile Regression Model for Asymmetric Return-Volatility Relation
We present a quantile regression model for assessing the negative asymmetric relationship between the returns on the stock index and returns on the volatility index. This model is the generalization of the standard mean-regression models of Simon (2003) , Giot (2005) and Hibbert et al. (2008) , which have empirically confirmed the asymmetric return-volatility relationship.
12 However, this paper extends these standard mean-regression models (MRM)
by modeling the asymmetric return-volatility relationship using the conditional quantile regression model (QRM) to examine how negative and positive stock index returns vary across different quantiles of IV returns, i.e., how much this asymmetric relationship tends to change across different quantiles of IV changes. Before specifying our quantile-regression model for the asymmetric return-volatility relationship, we first specified a MRM model similar to that of Simon (2003) , Giot (2005) and Hibbert et al. (2008) , which is considered a standard model in our analysis. assessing the negative asymmetric return-volatility relation thus has the form 12 They showed that the relationship behaves differently for negative and positive stock index returns. 13 Hibbert et al.(2008) segmented negative and positive stock returns into quantiles and then used least squares for each quantile, which could not yield the robust results that we can find using quantile regression, i.e., the effects of negative and positive returns on the upper and lower quantiles of the dependent variable would be much different and robust using quantile regression instead of least-squares regression (for a detailed discussion, see Heckman, 1979; Koenker and Hollack, 2001; Bassett and Chen, 2001) .
Where α is the intercept; iL β represents the coefficients for the lagged IV returns of a volatility index i , where 14 Koenker and Bassett (1978) were the first to introduce quantile regression that could effectively model the uppermost quantiles. 15 QRM is a generalization of the MRM and is thereby a robust regression, especially in situations where errors are non-normally distributed, i.e., are skewed and leptokurtic. Nonetheless, the QRM is used for examining the asymmetric return-volatility relationship; for instance, the qth QRM, which is a generalization of equation (1), has the form 
. The main feature of this quantile regression framework is that the effects of the variables captured by . Furthermore, the framework allows for heteroskedasticity in error t u , and the coefficients are different for different quantiles.
Consequently, a quantile regression provides a broader set of information about volatility returns here (i.e., the effects on the entire distribution of the volatility returns) than OLS regression would, particularly when the error distribution is not symmetric. 16 QRM is thus estimated for the sample period, from February 2, 2001, through May 29, 2009, using the quantile regression method proposed by Koenker and Bassett (1978) , which minimizes the asymmetric sum of absolute residuals and robustly models the conditional quantiles of the response variable, i.e., in our case, changes in the volatility index: 16 Because the differences between the mean and the median produce asymmetric distributions, see, for a more detailed explanation, Meligkotsidou et al. 2009. 17 For a discussion of quantile models and their estimation techniques, see Koenker (2005) . Table 2 , including corresponding t-statistics (in parentheses) for each of the estimates therein. The standard errors were obtained using the bootstrap method; therefore, robust t-statistics were obtained for each of the quantile estimates. On the other hand, for the OLS estimates, the standard errors were made heteroskedasticity-consistent using Newey-West (1987) correction. As the aim was to quantify the asymmetric return-volatility relationship, we limit our discussion to the positive and negative returns covariates, especially to capturing the contemporaneous effects. When we look at the estimated coefficients of covariates  t R 500 SP and  t R 500 SP in Rows 6 and 10, respectively, which represent the contemporaneous return-volatility relationship; it is apparent from the absolute difference that there are asymmetric effects for all quantile regression estimates, including OLS estimates (here, OLS estimates are merely provided for comparative purposes 18 These results imply an asymmetric return-volatility relationship, indicating that the negative returns for the stock index are linked to much higher volatilities for the VIX index than those linked to positive returns. More specifically, looking at each row of Table 2 (i.e., each quantile of estimates), the results indicate that the impacts of the negative and positive S&P 500 index returns on the VIX are highly asymmetric, with both contemporaneous coefficients being statistically significant at the 1% significance level. The mean or OLS regression estimates are quite similar to the q = 0.5 (median)-quantile regression estimates; however, the changing nature of the estimates at the other quantiles provides an interesting picture of how the distribution of IV depends on the positive and negative returns variables and lagged IV variables. The absolute value of  t R 500 SP monotonically increases when moving from a median quantile to an upper quantile; i.e., the marginal effect of the negative returns is larger in upper quantiles (i.e., q=0.95%), and vice versa for positive returns.
Empirical Results
19 As a result, OLS underestimates the magnitude of these effects for the highest quantiles and overestimates for the lowest quantiles.
In detail, the coefficient estimates with q = 0.5 or median (and OLS) for the  t R 500 SP variable imply that a 1% decline in S&P 500 returns is linked to a 1.040% (1.185%) increase in the VIX level, whereas the coefficient estimates for the  t R 500 SP variable imply that a 1% increase in S&P 500 returns is linked to a 0.795% (0.864%) decrease in the VIX level.
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However, in the coefficient estimates for quantile q=0.95, the  t R 500 SP variable implies that a 1% decline in S&P 500 returns is linked to a 1.646% increase in the VIX, whereas the 18 Wald tests results are not reported here to save space. 19 The equality of the coefficients across quantiles was formally tested using the Wald test. The test results significantly rejected the null hypothesis of equality of the coefficients (particularly the contemporaneous negative and positive returns) across quantiles; the Wald test is reported in The standard mean-regression models of Simon (2003) , Giot (2005) and Hibbert et al. (2008) for the asymmetric return-volatility relationship ignore the higher effects of negative and positive returns on the upper quantiles of the volatility distribution. 0.4-0.5* 0.5-0.6* 0.5-0.6** 0.5-0.6*** 0.5-0.6** 0.6-0.8*** 0.6-0.8*** 0.6-0.8*** 0.6-0.8*** 0.6-0.8**
The table reports results from the Quantile Regression and OLS Regression of the VIX index on a set of variables; specifications 2 and 1 are estimated. T-statistics are provided in parentheses. ***, **, and * denote rejection of the null hypothesis at the 1% , 5% and 10% significance levels, respectively.
Figure 3 presents quantile regression results for NASDAQ 100 returns with the VXN index, and the important full-sample daily upper and lower quantiles' results are presented in Table 3 . 22 The results are qualitatively similar to those found for the S&P 500 and VIX asymmetric relationship. 23 The major difference lies in the lower asymmetric responses of the covariates (i.e., negative and positive returns) across different quantiles of the VXN distribution in comparison with the VIX results. 24 Furthermore, the significance of covariates is lower for the VXN than for the VIX. The finding is consistent with both Giot (2005) and Hibbert et al. (2008) in that during volatile periods, option traders react less aggressively to negative returns. As the NASDAQ is a tech index, it inherently presents a higher volatility than the S&P 500; therefore, the conclusion drawn by Giot (2005) and Hibbert et al. (2008) can be applied to the NASDAQ results. Table 4 and Table 5 . 26 The quantile results for the DAX 30 returns with both the VDAX and VDAXO are discussed simultaneously in order to compare the asymmetric responses of both volatility indices to the same negative and positive returns of the DAX 30 index. 27 The coefficients of the covariates  t DAXR and  t DAXR are shown in Rows 6 and 10, respectively, in both tables; the coefficients represent contemporaneous return-volatility relationships. Based on the absolute difference in the coefficients' values, it 22 Figure 3 and Table 3 are provided in Appendix A. 23 A detailed discussion on these results is avoided merely for space considerations. 24 The Wald test for equality of the coefficients across quantiles is formally tested and reported in Table 3 . Here, too, the test results significantly reject the null hypothesis of equality of the coefficients (particularly the contemporaneous negative and positive returns) across quantiles. 25 For more discussion on this point, see Hibbert et al. (2008) . 26 Figures 4 and 5 and Tables 4 and 5 are provided in Appendix A. 27 Remember that VDAX is the MFIV index that incorporates volatility skew, whereas VDAXO is the BSIV index that does not account for volatility skew. Unfortunately, for the comparison of the two measures we are restricted to only the DAX 30 stock index. For the other stock indices, S&P 500, NASDAQ 100 and DJ Euro STOXX, we have no active BSIV volatility index; although the VXO, an active BSIV volatility index, is available, it cannot be compared because it is implied from the options on the S&P 100 index. Table 6 . 28 Similarly, the results here are qualitatively similar to those found for the DAX 30
and VDAX asymmetric relationships. The major difference is the slightly more asymmetric Table 6 are provided in Appendix A. 29 As the MFIV volatility indices account for OTM puts, the asymmetry should be pronounced with each MFIV volatility index. Because investors hedge their downside risk by taking positions in the OTM put options, in periods of market turmoil there is greater buying demand for put options than for call options, which leads to higher volatilities than those found during market rallies. Consequently, negative stock index returns induce an increase in the levels of the volatility indices. Our results are also consistent with the net-buying-pressure hypothesis of Bollen and Whaley (2004) .
insignificant; we thus assert that at the daily level, the leverage hypothesis is unable to quantify this strong asymmetric return-volatility relation and that similar conclusions could be drawn for the feedback hypothesis. Finally, the VIX volatility index presents the strongest asymmetric return-volatility relationship, followed by the VSTOXX, VDAX and VXN volatility indices, respectively.
Conclusion
We investigated the asymmetric return-volatility phenomenon in the newly adapted robust volatility indices (i.e., the VIX, VXN, VDAX, VDAXO, and VSTOXX) using quantile regression. In particular, we quantified the effects of positive and negative stock index returns at different quantiles of IV distributions, asking about the degree to which the asymmetric responses at the uppermost quantiles are comparable with the responses of median (or mean)
regressions. Additionally, as Bollen and Whaley (2004) The table reports results from the Quantile Regression and the OLS Regression of the VXN index on a set of variables; specifications 2 and 1 are estimated. T-statistics are provided in parentheses. ***, ** and * denote rejection of the null hypothesis at the 1% , 5% and 10% significance levels, respectively. The table reports results from the Quantile Regression and the OLS Regression of the VDAX index on a set of variables; specifications 2 and 1 are estimated. T-statistics are provided in parentheses. ***, ** and * denote rejection of the null hypothesis at the 1% , 5% and 10% significance levels, respectively. The table reports results from the Quantile Regression and the OLS Regression of the VSTOXX index on a set of variables; specifications 2 and 1 are estimated. T-statistics are provided in parentheses. ***, ** and * denote rejection of the null hypothesis at the 1% , 5% and 10% significance levels, respectively.
